Empirical risk minimization (ERM), with proper loss function and regularization, is the common practice of supervised classification. In this paper, we study training arbitrary (from linear to deep) binary classifier from only unlabeled (U) data by ERM. We prove that it is impossible to estimate the risk of an arbitrary binary classifier in an unbiased manner given a single set of U data, but it becomes possible given two sets of U data with different class priors. These two facts answer a fundamental question-what the minimal supervision is for training any binary classifier from only U data. Following these findings, we propose an ERM-based learning method from two sets of U data, and then prove it is consistent. Experiments demonstrate the proposed method could train deep models and outperform state-of-the-art methods for learning from two sets of U data.
Introduction
With some properly chosen loss function (e.g., Bartlett et al., 2006; Tewari & Bartlett, 2007; Reid & Williamson, 2010) and regularization (e.g., Tikhonov, 1943; Srivastava et al., 2014) , empirical risk minimization (ERM) is the common practice of supervised classification (Vapnik, 1998) . Actually, ERM is used in not only supervised learning but also in weakly-supervised learning. For example, in semi-supervised learning (Chapelle et al., 2006) , we have very limited labeled (L) data and a lot of unlabeled (U) data, where L data share the same form with supervised learning. Thus, it is easy to estimate the risk from L data, and ERM can be done with regularization based on U data (including but not limited to Grandvalet & Bengio, 2004; Belkin et al., 2006; Mann & McCallum, 2007; Miyato et al., 2016; Laine & Aila, 2017; Tarvainen & Valpola, 2017; Luo et al., 2018) .
Nevertheless, L data may differ from supervised learning in not only the amount but also the form. For instance, in positive-unlabeled learning (Elkan & Noto, 2008; Ward et al., 2009) , all L data are from the positive class, and due to the lack of L data from the negative class it becomes impossible to estimate the risk from only L data. To this end, a two-step approach to ERM has been considered (du Plessis et al., 2014 (du Plessis et al., , 2015 Niu et al., 2016; Kiryo et al., 2017) . Firstly, the risk is rewritten into an equivalent expression, such that it just involves the same distributions from which L and U data are sampled-this step leads to certain risk estimators. Secondly, the risk is estimated from both L and U data, and the resulted empirical training risk is minimized (e.g. by Robbins & Monro, 1951; Kingma & Ba, 2015) . In this two-step approach, U data are used for risk evaluation that is the core of ERM and is mandatory in ERM, and hence risk rewrite enables ERM and is the key of success.
One step further from positive-unlabeled learning is learning from only U data without any L data. This is significantly harder than previous learning problems (cf. Figure 1 ). However, we would still like to train arbitrary binary classifier, in particular, deep networks (Goodfellow et al., 2016) . As a consequence, we prefer ERM to clustering methods (e.g., Xu et al., 2004; Gomes et al., 2010) . The critical point is how to estimate the risk from only U data, and our solution is again ERM-enabling risk rewrite in the the test distribution (with class prior 0.3) and data (marked as blue for P and red for N), as well as four learned classifiers. In the legend, "CCN" refers to Natarajan et al. (2013) , "UU-biased" means supervised learning taking larger-/smaller-class-prior U data as P/N data, "UU" is the proposed method, and "Oracle" means supervised learning from the same amount of L data. See Appendix B for more information. We can see that the UU classifier is almost identical to the Oracle classifier and much better than the other two. aforementioned two-step approach. The first step should lead to an unbiased risk estimator that will be used in the second step. Subsequently, we can evaluate the empirical training and/or validation risk by plugging only U training/validation data into the risk estimator. Thus, this two-step ERM needs no L validation data for hyperparameter tuning, which is a huge advantage in training deep models nowadays. Note that given only U data, by no means could we learn the class priors (Menon et al., 2015) , so that we assume all necessary class priors are also given. This is the unique type of supervision we will leverage throughout this paper, which implies that the problem of interest still belongs to weakly-supervised learning rather than unsupervised learning.
In this paper, we raise a fundamental question in weakly-supervised learning-how many sets of U data with different class priors are necessary for rewriting the risk? Our answer has two aspects:
• Risk rewrite is impossible given a single set of U data (see Theorem 2 in Sec. 3);
• Risk rewrite becomes possible given two sets of U data (see Theorem 4 in Sec. 4). This suggests that three class priors 1 are all you need to train deep models from only U data, while any two 2 should not be enough. The impossibility is a proof by contradiction, and the possibility is a proof by construction, following which we explicitly design an unbiased risk estimator. Therefore, with the help of this risk estimator, we propose an ERM-based learning method from two sets of U data. Thanks to the unbiasedness of our risk estimator, we derive an estimation error bound which certainly guarantees the consistency of learning (Mohri et al., 2012; Shalev-Shwartz & Ben-David, 2014) . 3 Experiments demonstrate that the proposed method could train multilayer perceptron, AllConvNet (Springenberg et al., 2015) and ResNet (He et al., 2016) from two sets of U data; it could outperform state-of-the-art methods for learning from two sets of U data. See Figure 1 for how the proposed method works on a Gaussian mixture of two components.
on the cluster assumption (Chapelle et al., 2002) and the assumption that one class corresponds to exactly one cluster. The second assumption is rarely satisfied in practice.
As mentioned earlier, learning from two sets of U data is already studied in du Plessis et al. (2013) and Menon et al. (2015) . Both of them adopt (4) as the performance measure. In the former paper, g is learned by estimating sign(p tr (x) − p tr (x)). In the latter paper, g is learned by taking noisy L data from p tr (x) and p tr (x) as clean L data from p p (x) and p n (x), and then its threshold is moved to the correct value by post-processing. In summary, instead of ERM, they evidence the possibility of empirical balanced risk minimization, and no impossibility is proven.
Our findings are compatible with learning from label proportions (Quadrianto et al., 2009; Yu et al., 2013) . In Quadrianto et al. (2009) , it is proven that the minimal number of U sets equals the number of classes. However, their finding only holds for the linear model, the logistic loss, and their proposed method based on mean operators. On the other hand, Yu et al. (2013) is not ERM-based; it is based on discriminative clustering together with expectation regularization (Mann & McCallum, 2007) .
At first glance, our data generation process, using the names from Menon et al. (2015) , looks quite similar to that of learning with noisy labels (cf. Natarajan et al., 2013) . Actually, these two are fairly different, and the differences are reviewed and discussed in Menon et al. (2015) and van Rooyen & Williamson (2018) . Along this line of research, just a few papers explore instance-dependent noise models (Menon et al., 2016; Cheng et al., 2017) , and the vast majority of papers employ instance-independent noise models (e.g., Natarajan et al., 2013; Sukhbaatar et al., 2015; Menon et al., 2015; Liu & Tao, 2016; Goldberger & Ben-Reuven, 2017; Patrini et al., 2017; Han et al., 2018a) or have no noise model but many heuristics (e.g., Reed et al., 2015; Jiang et al., 2018; Han et al., 2018b) . There exist two instance-independent noise models: class-conditional noise (CCN) in Angluin & Laird (1988) and mutually contaminated distributions (MCD) in Scott et al. (2013) . Denote byỹ andp(·) the corrupted label and distributions. Then, CCN and MCD are defined by
where both of T CCN and T MCD are 2-by-2 matrices but T CCN is column normalized and T MCD is row normalized. It has been proven in Menon et al. (2015) that CCN is a strict special case of MCD. To be clear,p(ỹ) is fixed in CCN oncep(ỹ | x) is specified whilep(ỹ) is free in MCD afterp(x |ỹ) is specified. Furthermore,p(x) = p(x) in CCN butp(x) = p(x) in MCD. Due to this covariate shift, CCN methods do not fit MCD problem setting, though MCD methods fit CCN problem setting. To the best of our knowledge, the proposed method is the first MCD method based on ERM.
Learning from one set of U data
From now on, we prove that knowing π p and θ is insufficient for rewriting R(g).
A brief review of ERM
To begin with, we review ERM (Vapnik, 1998) by imaging that we are given X p = {x 1 , . . . , x n } ∼ p p (x) and X n = {x 1 , . . . , x n } ∼ p n (x). Then, we would go through the following procedure:
4. Minimize R pn (g), with appropriate regularization, by favorite optimization algorithm. Here, should be classification-calibrated (Bartlett et al., 2006) , in order to guarantee that R(g; ) and R(g; 01 ) have the same minimizer over all measurable functions. 4 This minimizer is the Bayes optimal classifier and denoted by g * * = arg min g R(g). The Bayes optimal risk R(g * * ) is usually unachievable by ERM as n, n → ∞. That is why by choosing a model G, g * = arg min g∈G R(g) is changed as the target to which g pn = arg min g∈G R pn (g) converges as n, n → ∞. In statistical learning, the approximation error is R(g * ) − R(g * * ), and the estimation error is R( g pn ) − R(g * ). Learning is consistent if and only if the estimation error converges to zero as n, n → ∞.
Impossibility of risk rewrite
Recall that R(g) is approximated by (5) given X p and X n , which does not work given X tr and X tr . We might rewrite R(g) such that it can be approximated given X tr and/or X tr . This is known as the backward correction (Natarajan et al., 2013; Patrini et al., 2017) in learning with noisy labels.
Definition 1. We say that R(g) in (3) is rewritable given p tr , if and only if 5 there exist constants a and b, such that for any g it holds that
Theorem 2. Let be 01 , or any bounded surrogate loss satisfying that
Assume p p and p n are almost surely separable and θ is arbitrary. Then, R(g) is not rewritable. 6
This theorem shows that under the separability assumption of p p and p n , R(g) is not rewritable. As a consequence, we lack a learning objective, that is, the empirical training risk. It is even worse-we cannot access the empirical validation risk of g after it is trained by other learning methods such as discriminative clustering. In particular, 01 satisfies (7), which implies that the common practice of hyperparameter tuning is disabled by Theorem 2, since U validation data also follow p tr .
Learning from two sets of U data
From now on, we prove that knowing π p , θ and θ is sufficient for rewriting R(g).
Possibility of risk rewrite, and unbiased risk estimators
We have proven that R(g) is not rewritable given p tr , and Quadrianto et al. (2009) has proven that R(g) can be estimated from X tr and X tr , where g is a linear model and is the logistic loss. These facts motivate us to investigate the possibility of rewriting R(g), where g and are both arbitrary. 7 Definition 3. We say that R(g) is rewritable given p tr and p tr , if and only if 8 there exist constants a, b, c and d, such that for any g it holds that
where¯
are the corrected loss functions.
Theorem 4. Assume θ and θ are arbitrary but satisfy θ > θ ; otherwise, swap p tr and p tr to make sure θ > θ . Then, R(g) is rewritable, by letting
Theorem (4) immediately leads to an unbiased risk estimator, namely
Eq. (10) is useful for both training (by plugging U training data into it) and hyperparameter tuning (by plugging U validation data into it). We hereafter refer to the process of obtaining the empirical risk minimizer of (10), i.e., g uu = arg min g∈G R uu (g), as unlabeled-unlabeled (UU) learning. The proposed UU learning is by nature ERM-based, and consequently g uu can be obtained by powerful stochastic optimization algorithms (e.g., Duchi et al., 2011; Kingma & Ba, 2015) .
Simplification Note that (10) may require some efforts to implement. Fortunately, it can be simplified by employing that satisfies a symmetric condition:
Eq. (11) covers 01 , the ramp loss ramp (z) = max{0, min{1, (1 − z)/2}} (du Plessis et al., 2014; Niu et al., 2016) and the sigmoid loss sig (z) = 1/(1 + exp(z)) (Kiryo et al., 2017) . With the help of (11), we can simplify (10) as (10), (12) is an unbiased risk estimator, and it is easy to implement in many deep learning frameworks by ordinary cost-sensitive learning.
Special cases Consider some special cases of (10) by specifying θ and θ . It is obvious that (10) reduces to (5) for supervised learning, if θ = 1 and θ = 0. Next, (10) reduces to
, if θ = 1 and θ = π p , and we recover the unbiased risk estimator in positive-unlabeled learning (du Plessis et al., 2015; Kiryo et al., 2017) . Additionally, (10) reduces to a fairly complicated unbiased risk estimator in similar-unlabeled learning (Bao et al., 2018) , if θ = π p , θ = π 2 p /(2π 2 p − 2π p + 1) or vice versa. Therefore, UU learning is a very general framework in weakly-supervised learning.
Consistency and convergence rate
The consistency of UU learning is guaranteed due to the unbiasedness of (10). In what follows, we analyze the estimation error R( g uu ) − R(g * ) (see Sec. 3.1 for the definition). To this end, assume there are C g > 0 and C > 0 such that sup g∈G g ∞ ≤ C g and sup |z|≤Cg (z) ≤ C , and assume (z) is Lipschitz continuous for all |z| ≤ C g with a Lipschitz constant L . Let R n (G) and R n (G) be the Rademacher complexity of G over p tr (x) and p tr (x) (Mohri et al., 2012; Shalev-Shwartz & Ben-David, 2014) . For convenience, denote by χ n,n = α/ √ n + α / √ n .
Theorem 5. For any δ > 0, let C δ = (ln 2/δ)/2, then we have with probability at least 1 − δ,
where the probability is over repeated sampling of data for training g uu . Theorem 5 ensures that UU learning is consistent (and so are all the special cases): as n, n → ∞, R( g uu ) → R(g * ), since R n (G), R n (G) → 0 for all parametric models with a bounded norm such as deep networks trained with weight decay. Moreover, R( g uu ) → R(g * ) in O p (χ n,n ), where O p denotes the order in probability, for linear-in-parameter models and non-parametric kernel models in reproducing kernel Hilbert spaces with a bounded norm (Schölkopf & Smola, 2001) .
Experiments
In this section, we experimentally analyze the proposed algorithm on deep neural network models trained on various benchmark datasets. The implementation is based on Keras.
Benchmark experiments with neural network models
We first illustrate the operation of the proposed unbiased risk estimator and compare it with 3 supervised baselines: small PN, PN oracle and small PN prior-shift, where small PN/PN oracle denotes fully supervised classification with 10%/100% training data, and small PN prior-shift means supervised classification with 10% training data under class-prior change. 9 Note that small PN and PN oracle use fully supervised training data generated from the same distribution as the test data, which are extremely advantageous.
We test on the widely adopted benchmarks, MNIST, Fashion-MNIST, SVHN and CIFAR-10. Table 1 9 PN prior-shift with 100% data baseline is not included because of insufficient number of training data. summarizes the specification of the datasets. 10 For each dataset, we draw equal amount of unlabeled training data for X tr and X tr from Eq. (1), where two different pairs of training class priors are considered: (0.9, 0.1), (0.8, 0.2). The test data is directly drawn from the original joint distribution p(x, y) for evaluating the performance of the trained models. The model and optimizer for MNIST and Fashion-MNIST were 5-layer fully connected neural network (FC) and SGD (Robbins & Monro, 1951) . For SVHN and CIFAR-10, we used 12-layer all convolutional net (Springenberg et al., 2015) and 32-layer residual network (ResNet) (He et al., 2016) respectively, and the resulting objectives were minimized by Adam (Kingma & Ba, 2015) . We compared the performance of the proposed risk estimator Eq. (10) with logistic loss log (z) = log(1 + exp(−z)) (Natarajan et al., 2013) and the simplified version Eq. (12) with sig in Appendix C.2. The results show that the risk estimators with sig and log perform similarly. For simplicity, we select sig as the surrogate loss for training and 0-1 loss for testing in the following experiments. More details on experimental setup can be found in Appendix C.1.
The experimental results are reported in Figure 2 , where means and standard deviations of test risks based on the same 10 random samplings are shown, and a table of final test risk is provided in Appendix C.2. In the case of (θ, θ ) = (0.9, 0.1) (top row in Figure 2 ), we can see the proposed UU classifiers are comparable to PN oracle in most cases. Note that for SVHN, the test class prior is only 0.27, which is farther from the training class priors of UU. Thus this setting is more advantageous for PN baselines without class prior shift but more challenging for UU and small PN prior-shift. The results on SVHN show that UU still outperforms small PN while small PN prior-shift deteriorates severely. For the harder case of (θ, θ ) = (0.8, 0.2) (bottom row in Figure 2 ), the performances of UU classifiers drop slightly, but are still better than small PN priorshift. The drop here can be explained by larger noise in the U sets when moving θ and θ closer, and we investigate this issue in Figure 3 .
Analysis of moving θ and θ closer It is intuitive that if θ and θ are closer, the U sets will be less informative. To investigate the influence of this, we conducted additional experiments on MNIST by moving θ and θ closer, where θ ∈ {0.9, 0.8} and θ is gradually moved from 0.1 to 0.5. The experimental setup is exactly the same as before. We reported the means and standard deviations of the test risks based on the same 10 random samplings in Figure 3 . The results show that the proposed unbiased UU method works reasonably well, while the performance of CCN drops severely. It is because the marginal p(x) is shifted more distant from training to test stages as θ moves closer to θ, which will make the CCN-based risk estimator more biased. Thanks to the unbiasedness of the proposed risk estimator, UU classifiers can handle the covariate shift reasonably well. We further analyzed the influence of covariate shift by changing the sample sizes of the U sets in Appendix C.2, the experimental results are consistent.
Robustness of noisy training class priors
In the above experiments, we assume the true training class priors θ and θ are exactly accessible, but in practice we may only be able to approximately specify them. This motivates our study to try some cases when θ and θ are misspecified, in order to simulate UU learning in the wild. We run more experiments by replacing the true training class priors (θ, θ ) with (ϑ, ϑ ) = ( θ, θ ) and give (ϑ, ϑ ) to the learning method. The experimental setup is exactly the same as before except that the training class priors are noisy. We reported the means and standard deviations of the classification error of the learned models based on the same 10 random samplings in Table 2 . The results show that the proposed method is fairly robust to the misspecification of training class priors so long as |ϑ − θ| + |ϑ − θ | |θ − θ |.
Comparison with state-of-the-art methods
We finally compare our method with two state-of-the-art methods for dealing with two sets of U data: the proportion-SVM method (pSVM) (Yu et al., 2013) and the balanced error minimisation method (BER) (Menon et al., 2015) . We downloaded the codes from the webpage of authors. 11 Note that the pSVM method is based on maximum margin clustering (Xu et al., 2004; Valizadegan & Jin, 2006; Li et al., 2009) and the original codes of BER implement neural network by Matlab and use the second order optimization method. Considering the time for 10 runs of each experiment, we use UCI benchmarks and USPS datasets for the experiment following pSVM and BER. By re-sampling the original datasets, we test several different settings of class prior π p .
The 5-layer FC and SGD were again used for training UU classifier here. For fairness, we also implemented BER method using the same network architecture and optimizer as UU (BER-FC). The specifications of the datasets are summarized and the experimental results are reported in Table 3 . We can see that the proposed method outperforms others in most cases. The closer π p is to 1 2 , the better classification performance of BER and BER-FC. In particular, in the experiments of MNIST and USPS (π p = 0.5), BER and BER-FC can achieve comparable results as UU where pSVM falls behind. This is because the balanced error assumption holds in this case. However, in the experiments of pendigits and USPS (π p = 0.1, 0.9), our method still works well while the performance of BER and BER-FC drops severely and become inferior to pSVM. 
Conclusions
We focused on training arbitrary binary classifier, including deep networks, from only U data by ERM. We proved that this is impossible given a single set of U data, but it is possible given two sets of U data with different class priors, where all class priors necessary for training are given. This led to an unbiased risk estimator and subsequently we proposed the first ERM-based learning method from two sets of U data. Experiments demonstrated that the proposed method could even successfully train AllConvNet and ResNet, and it compared favorably with state-of-the-art methods for learning from two sets of U data.
A Proofs
In this appendix, we prove all theorems.
A.1 Proof of Theorem 2
We prove the theorem by contradiction, namely for any such p(x, y), for all θ and a, b, we are able to find some g for which (6) fails. Our argument goes from the special 01 to the general in (7). Firstly, let g(x) = +∞ identically, so that (g(x)) = 0 and (−g(x)) = 1. Plugging them into (3) and (6), we obtain that b = 1 − π p . Secondly, let g(x) = −∞; this time (g(x)) = 1 and (−g(x)) = 0, and we obtain that a = π p . Thirdly, let g(x) = +∞ over p p and g(x) = −∞ over p n , which is possible because g is arbitrary. Hence, (g(x)) = 0 and (−g(x)) = 1 over p p as well as (g(x)) = 1 and (−g(x)) = 0 over p n , resulting in 0 = θb + (1 − θ)a by solving which we know that θ = π p /(2π p − 1). This is a contradiction unless π p = 0 or π p = 1, because 0 ≤ θ ≤ 1 whereas either π p /(2π p − 1) < 0 or π p /(2π p − 1) > 1.
Finally, given any satisfying (7), it is not difficult to verify that the three g above lead to the same contradiction with b = 1 − π p and the same a and θ.
A.2 Proof of Theorem 4
By Definition 3, the learning objective is defined by
then
Recall that the risk of g is defined as (3):
In order to minimize (3), it suffices to minimize (14), if we can make
Solving these equations gives us
which concludes the proof.
A.3 Proof of Theorem 5
First, we show the uniform deviation bound, which is useful to derive the estimation error bound.
Lemma 6. For any δ > 0, let C δ = (ln 2/δ)/2, then we have with probability at least 1 − δ,
where the probability is over repeated sampling of data for evaluating R uu (g).
Proof. Consider the one-side uniform deviation sup g∈G R uu (g) − R(g). Since 0 ≤ (z) ≤ C , the change of it will be no more than C α/n if some x i is replaced, or no more than C α /n if some x j is replaced. Subsequently, McDiarmid's inequality (McDiarmid, 1989) tells us that
or equivalently, with probability at least 1 − δ/2,
By symmetrization (Vapnik, 1998) , it is a routine work to show that
and according to Talagrand's contraction lemma (Shalev-Shwartz & Ben-David, 2014) ,
The one-side uniform deviation sup g∈G R(g) − R uu (g) can be bounded similarly.
Based on Lemma 6, the estimation error bound (13) is proven through
where R uu ( g uu ) ≤ R uu (g * ) by the definition of g uu .
B Synthetic Experiments with Linear Models
Here we illustrate the problem and our method with a synthetic Gaussian mixture dataset. We used twodimensional Gaussian distributions with means µ + = [1, 1] T and µ − = [−1, −1] T and identity covariance for P and N class-conditional densities respectively. Two unlabeled training datasets were drawn from Eq. (1), where the training class priors are (θ, θ ) = (0.9, 0.4) and the sample sizes are (n, n ) = (2000, 1000) . The test data were drawn from the original joint distribution p(x, y) for evaluating the performance of trained models and the test class prior is π p = 0.3. Note that the marginal distribution p(x) changes between training and testing stages (see Figure 1 (c), (d) and the right panel), which is the key difference between the problem of interest and the problem of learning from class-conditional label noise. For the toy experiments, linear-in-input model g(X) = ω T X + b, where ω ∈ R 2 and b ∈ R, and sigmoid loss were commonly used. SGD with the learning rate 0.01 and mini-batch size 128 was employed for optimization. For the purpose of clear comparison of the risk estimators, we did not add regularization in the toy experiments. The learned models trained with 500 epochs are shown in Figure 1 . 
C.2 Supplementary experimental results
Due to limited space, here we report the means and standard deviations of the final test risk based on the same 10 random samplings of benchmark experiments with deep neural networks (see Figure 2) in Table 4 . Note that small PN and PN oracle use fully labeled data generated from the same distribution as the test data, which are extremely advantageous. The results show that the proposed UU method outperforms small PN in most cases and is much better than small PN prior-shift.
Comparison of different losses
We illustrate the operation of proposed unbiased risk estimator Eq. (10) with logistic loss log (z) = log(1 + exp(−z)) and its simplified version Eq. (12) with sigmoid loss sig . We tested on MNIST with (θ, θ ) ∈ {(0.9, 0.1), (0.8, 0.2), (0.7, 0.3)}. The experimental results are reported in Figure 4 , where means and standard deviations of test risks based on the same 10 random samplings are shown. We can see that the risk estimator Eq. (10) with log performs similarly to Eq. (12) with sig . It is also interesting to see that the proposed UU classifiers are comparable to the PN oracle that can access fully supervised training data up to (θ, θ ) = (0.8, 0.2). For the harder case of (θ, θ ) = (0.7, 0.3), the performances of the UU methods drop slightly, but are still comparable to the small PN.
Analysis of changing sample sizes of two U sets We also investigated the issue of covariate shift by changing the sample sizes of two U sets. We fixed n to 20000 and gradually moved n from 4000 to 20000, and tested the performance of UU and CCN on two different pairs of training class priors: {(0.9, 0.4), (0.8, 0.4)}.
Each experiment was conducted 10 times and we reported the means and standard deviations of test risks in Figure 5 . The results show that as n moves farther from n , the proposed unbiased UU method works reasonably well, while the performance CCN drops severely. It is because the larger covariate shift when n moves farther from n , which makes the CCN-based risk estimator more biased. Due to the unbiasedness of the proposed risk estimator, UU classifiers can handle the covariate shift reasonably well. The experimental results are consistent with analysis of moving θ and θ closer in Sec. 5.1. 
